Abstract Sweet chestnut is a tree of great economic (fruit and wood production), ecological, and cultural importance in Europe. A large-scale landscape genetic analysis of natural populations of sweet chestnut across Europe is applied to (1) evaluate the geographic patterns of genetic diversity, (2) identify spatial coincidences between genetic discontinuities and geographic barriers, and (3) propose certain chestnut populations as reservoirs of genetic diversity for conservation and breeding programs. Six polymorphic microsatellite markers were used for genotyping 1608 wild trees sampled in 73 European sites. The Geostatistical IDW technique (ArcGIS 9.3) was used to produce maps of genetic diversity parameters (He, Ar, PAr) and a synthetic map of the population membership (Q value) to the different gene pools. Genetic barriers were investigated using BARRIER 2.2 software and their locations were overlaid on a Digital Elevation Model (GTOPO30). The DIVA-GIS software was used to propose priority areas for conservation. High values of genetic diversity (He) and allelic richness (Ar) were observed in the central area of C. sativa's European distribution range. The highest values of private allelic richness (PAr) were found in the eastern area. Three main gene pools and a significant genetic barrier separating the eastern from the central and western populations were identified. Areas with high priority for genetic conservation were indicated in Georgia, eastern Turkey, and Italy. Our results increase knowledge of the biogeographic history of C. sativa in Europe, indicate the geographic location of different gene pools, and identify potential priority reservoirs of genetic diversity.
Introduction
The current distribution of plant species is shaped by complex interactions between biological, physical, and sociocultural processes. Important ecological and landscape processes take place at different multiple spatial and temporal scales, influencing the evolutionary biology of plants (Anderson et al. 2010) . Substantial environmental changes have occurred since the Last Glacial Maximum (LGM), and most areas of temperate forest vegetation are believed to have been established since the onset of favorable climates through expansion from refugial populations . In addition, anthropogenic factors such as exploitation, land-use change, and introduction of nonindigenous and/or invasive species have modified the geographical distribution of plants (Butchart et al. 2010; Rands et al. 2010) . As a result, there is experimental evidence that both natural and anthropic factors lead to habitat fragmentation and a loss of biodiversity (Fischer and Lindenmayer 2007) . Therefore, understanding the biogeographical distribution and the genetic diversity patterns of living species and the underlying evolutionary processes are key to being able to conserve and manage genetic resources (Cox and Moore 2005; Latta 2006) .
A new field of research, called landscape genetics, represents a powerful tool for evaluating the geographic patterns of genetic resources at the population level. This discipline combines population genetics and landscape studies, using molecular and Geographic Information System (GIS) tools (Manel et al. 2003; Holderegger et al. 2010) . Studies on landscape genetics aim to quantify genetic variation in space and time and its relationships to environmental conditions, providing information about the interaction between landscape features and evolutionary processes such as gene flow or local adaptation (Manel and Holderegger 2013; Storfer et al. 2007 ). Moreover, the use of geo-referenced genetic data within a GIS can provide significant information on the diversity of species within a specific geographical area, so as to be able to evaluate the current conservation status, optimize the use of genetic resources, find interesting material for breeding, and prioritize areas for conservation (Scheldeman and van Zonneveld 2010) . In this context, geo-referenced genetic divergent gene pools and measures of genetic diversity, such as heterozygosity and/or allelic richness, can be used for identifying populations for conservation (Petit et al. 1998) , since a high level of genetic variation is expected to increase the potential of populations to respond to the natural selection and healthy maintenance of individuals (Kalinowski 2004) .
Landscape genetics studies are appropriate for tree species that are increasingly vulnerable to habitat fragmentation and losses of genetic diversity as a result of land-use change and land degradation. Even though several studies have reviewed the role of landscape genetics on different organisms, relatively few studies have focused on landscape genetics of forest trees (see Lusini et al. 2014; Martin et al. 2012 Martin et al. , 2014 Mattioni et al. 2013; Pollegioni et al. 2014 Pollegioni et al. , 2015 Sork et al. 2013; Storfer et al. 2010; van Zonneveld et al. 2012) .
The landscape genetics approach could be very useful to indicate measures of management and conservation of genetic resources in an economically, ecologically, and culturally important tree such as sweet chestnut (Castanea sativa), which is widely distributed in Europe. Previous studies have given an important overview on the genetic diversity and structure of chestnut populations from Spain (Martin et al. 2012) , Italy, Greece, Turkey (Villani et al. 1999; Mattioni et al. 2013) , and Bulgaria . Mattioni et al. (2013) studied the relationship between 31 chestnut populations from Greece, Turkey, and Western Europe, highlighting the genetic divergence between the eastern and western European chestnut populations, confirming the probable localization of refugia as postulated by Huntley and Birks (1983) and Krebs et al. (2004) and assessing the roles of biogeographical history and human activity in determining the current distribution of the species as postulated by Conedera et al. (2004) . For this new article, we expanded the sampling area from Western to Eastern Europe in order to get a more representative coverage of the species distribution, particularly from central eastern Europe. We also included populations from England for the first time. We applied innovative spatial analysis to explore the power of georeferenced molecular data for understanding the spatial pattern of genetic diversity and divergence of natural populations to provide an exhaustive indication of migration, genetic structure and to locate populations or areas that deserve major attention in terms of conservation priority. This information is essential for optimizing the use of chestnut genetic resources and increasing the likelihood of finding chestnut material resistant to climate changes and biotic stresses. Chestnut natural forests and regional cultivars may harbor high levels of genetic diversity, which could provide the majority of adaptive genetic diversity for future management in response to abiotic stresses and attacks by nonindigenous species. This could be particularly relevant considering that fungal pathogens causing ink and blight disease, plus the newly introduced Asian chestnut gallwasp, together account for a significant recent reduction of sweet chestnut's range and productivity (Vannini et al. 2010; Jezic et al. 2014 ). Thus, we structure this new work, combining the data of 47 populations already obtained in previous researches (Martin et al. 2012; Mattioni et al. 2013; Lusini et al. 2014 ) (data from Turkish, Greek, Italian, Spanish and Bulgarian populations) with new analysis of additional 26 populations from Spain, Portugal, France, England, Slovakia, Hungary, Romania, Georgia, Russia, and Azerbaijan. Our objectives were to apply an innovative spatial analysis to (1) improve understanding of the geographic distribution of sweet chestnut genetic diversity, (2) identify spatial coincidences between genetic discontinuities and geographic barriers, and (3) give indication for prioritizing areas for sweet chestnut conservation.
Materials and methods

Plant material and DNA extraction
A total of 1608 wild chestnut trees were included in the analysis; 416 of these were newly sampled in 26 sites located in 10 countries (Spain, Portugal, France, England, Slovakia, Hungary, Romania, Georgia, Russia, and Azerbaijan) and analyzed by means of molecular markers. Furthermore, the raw data of 1192 samples, collected in five different European countries (Italy, Spain, Greece, Turkey, and Bulgaria) and previously analyzed in different works (Mattioni et al. 2013; Martin et al. 2012; Lusini et al. 2014) were added to the statistical analysis. (Table 1 and Fig. 1 ). All the sampling sites refer to wild populations, natural or naturalized, excluding orchard or recent forest plantations. Dormant buds or leaves from each plant were sampled from 10 to 20 randomly selected individual trees per site. Individual trees were selected at least 20 m apart, so as to minimize the sampling of close relatives. Total genomic DNA was isolated by grinding 50-60 mg of fresh tissue and using the DNeasy 96 Plant Kit (Qiagen) according to the manufacturer's instructions.
Microsatellite analysis
A set of six polymorphic microsatellite markers (CsCAT1, CsCAT3, CsCAT6, CsCAT16, EMCs25, and EMCs38) developed for C. sativa (Buck et al. 2003; Marinoni et al. 2003 ) was selected and used for the analysis.
These markers were mapped on F 1 intraspecific cross (C. sativa × C. sativa), and each selected locus has been shown to belong to a different linkage group (Barreneche et al. 2004) . The unbiased probability of identity (PIunb) (Paetkau et al. 1998 ) computed for the combination of the six markers was PI = 0.00. This value indicates the probability that two unrelated trees selected at random from a population would have identical genotypes at multiple loci: The lower this value, the higher is the capacity of the markers used to capture the variability present in the data set. Polymerase chain reaction (PCR) was carried out on a GeneAmp 2700 Thermal Cycler (Applied Biosystems, Foster City, USA). The PCR reactions were performed in 20-μl total volume containing 20 ng of genomic DNA following the Qiagen multiplex PCR kit protocol. Cycling parameters were as follows: 15 min at 95°C; 30 cycles for 30 s at 94°C, 90 s at 57°C, and 1 min at 72°C; and a final step of 30 min at 72°C. Amplification products (1 μL) were added to 20 μL formamide and 0.3 μL LIZ and denaturated at 95°C for 5 min. The samples were run on ABI Prism 3130 Avant DNA sequencer. The resulting raw data were collected applying GeneMapper software (Life Technologies). The alleles were determined by automated binning and checked by visual inspection.
Data analysis
Genetic diversity and population genetic structure A set of measures of intrapopulation and interpopulation genetic statistics were calculated using the GeneAlEx 6.5 software (Peakall and Smouse 2005) : observed (A) and effective (Ae) number of alleles, observed (Ho) and expected (He) heterozygosity (Nei 1973) , and unbiased estimate of mean expected heterozygosity (UHe) (Nei and Roychoudhry 1974) . The estimation of mean number of alleles per locus as a measure of allelic richness can be affected by differences in sample size (Kalinowski 2004) . For this reason, allelic richness (Ar) and private allelic richness (PAr), which are independent of sample size (El Mousadik and Petit 1996) , were computed by the rarefaction method with the HP-rare software (Kalinowski 2005) . This approach uses the frequency of alleles at a locus to estimate the expected number of alleles and/ or private alleles in a subsample of n individuals selected at random from a sample of N individuals in each population. The n value corresponds to the smallest number of individuals typed for a population. In our data set, the smallest number of individuals was nine. The estimated null allele frequency for each locus was calculated using the FREENA software (Chapius and Estoup 2007) . The inbreeding coefficient (Fis) for each population over all loci was computed using hierarchical AMOVA as implemented in Arlequin 3.1.1 software (Excoffier et al. 2005) . The statistical significance of Fis was tested using a nonparametric approach, described by Excoffier et al. (1992) , using 1000 permutations. The Inverse Distance Weighted (IDW) (Shepard 1968; Hengl 2009 ) algorithm implemented in ArcGIS 9.3 (ESRI, Redlands, Calif. USA) was used to interpolate values of expected (He) heterozygosity, allelic richness (Ar), and private allelic richness (PAr) of all 73 chestnut populations and to derive maps of genetic diversity. The IDW algorithm is a method of interpolation that estimates the values of target variables at a new location using a linearly weighted combination of a set of samples points. IDW is based on the assumption that things that are close to each other are more related than things that are a long away from each other. It weights the points closer to the prediction location greater than those farther away.
To delineate genetic repartition of chestnut populations, an UPGMA phylogenetic tree (Sneath and Sokal 1973) was constructed based on Nei genetic distance (Nei 1973 ) using the software POPTREE2 (Takezaki et al. 2010 ) and visualized with the software Fig Tree 1 .4.2 (Rambaut 2011 ).
Subsequently, a Bayesian approach was performed using the software STRUCTURE v.2.3.4 (Pritchard and Wen 2004) . This method attempts to reveal the population structure by placing individuals in most likely K number of clusters. STRUCTURE was run with the option of including prior information on the spatial location of populations and using the admixture model on the whole dataset and the correlated allele frequencies (Falush et al. 2007; Hubisz et al. 2009 ). Based on the initial results, six independent runs (from 1 to 6) were performed for each K value, with a burn-in period of 10,000 steps followed by 10 5 MCMC replicates. To identify the number of clusters (K) that best explained the data, the rate of change on L(K) (ΔK) between successive K values was calculated according to Evanno et al. (2005) using STRUCTURE HARVESTER software (Earl and von Holdt 2012). The six runs for each simulation were averaged using CLUMPP 1.1.2 software (Jakobsson and Rosenberg 2007) and represented graphically with DISTRUCT (Rosenberg 2004 ). The groups indicated by the STRUCTURE analysis were subsequently analyzed separately in order to identify subgroups (K′) within each cluster. A spatial interpolation of population membership values (Qi) in the inferred K = 3 and K′ = 3 clusters estimated by STRUCTURE and CLUMPP was calculated using the IDW algorithm, and K clustering surface maps were produced to display the spatial patterns of the inferred genetic clusters.
The presence of genetic barriers, corresponding to geographic zones of sharp genetic variation among populations, was investigated using Monmonier's maximum difference algorithm as implemented in BARRIER software 2.2 (Manni et al. 2004 ). The locations of genetic barriers were overlaid on a Digital Elevation Model (GTOPO30) in order to reveal overlaps between geographical and genetic discontinuities. The geographic coordinates of each sampling site were connected by Delauney triangulation and the corresponding Voronoï tessellation was derived. Once the network was obtained, each edge of the polygons was associated to its pairwise Nei's (1973) genetic distance (D A ) calculated using GENDIST in the PHYLIP software package (Felsenstein 2005) . We tested from one to seven genetic barriers, and their significance was evaluated by means of 100 resampled bootstrap matrices of Nei's (1973) genetic distances. Genetic barriers with arbitrary bootstrap support of P > 0.50 were considered.
Prediction of the priority areas for conservation
The DIVA-GIS software (www.diva-gis.org) was used to predict the areas with priority for conservation. We used the Reserve Selection analysis that is based on an optimization algorithm developed to minimize the area needed to conserve flowering plants in South Africa (Rebelo and Siegfried 1992) . This analysis identifies the minimum number of geographic units needed to conserve all genetic diversity and, in sequence of importance, the geographic units that should be prioritized for conservation. The first population chosen has the highest allelic richness, and then each successive population is selected to best complement the intraspecific diversity already represented within the previously selected populations. That means that the second priority cell is not the one with the second highest level of diversity, but that with a number of new alleles not found in the previous population.
Results
Populations' genetic diversity
Genetic diversity estimates for each population are reported in Table 2 . The number of alleles per locus (A) ranged between 4.20 (RO02, RO03) and 9.80 (TR08, BU01). The highest number of effective alleles (Ae) was observed in some populations of Italy and central and western Turkey (IT06 = 5.57, TR08 = 5.51, and TR13 = 5.41). A positive and significant Fis was found in all populations from eastern Turkey and in some populations from western and central Turkey (TR01, TR06, TR08, TR11, TR12), Spain (SP09, SP16, SP17), Bulgaria (BU05), Greece (GR01), Georgia (GE01, GE04), France (FR02), and Russia (RU01) ( Table 2 ). Figure 2 displays geographically the values of expected heterozygosity (He), allelic richness (Ar), and richness of private alleles (PAr) reported in Table 2 . The geospatial interpolation of those indices enabled us to produce new spatial data representative of the genetic diversity of the European sweet chestnut populations (Fig. 2) . High values of He were observed in populations located in the central area of the species' distribution. Some populations from western Turkey, Greece, Bulgaria, and Italy, the population from England, and some populations from Spain showed high values of expected heterozygosity, while lower values of He were shown in the eastern Turkey populations, in two Italian populations and in some Spanish and French populations (Fig. 2a) . The allelic richness (Ar) values ranged between 3.68 (SK02) and 7.00 (TR13) ( Table 2) . Higher values of allelic richness were observed in populations from the central geographic area of the species distribution and from some populations in eastern Turkey and Georgia (Fig. 2b) . Evident differences between populations were observed for the values of private allelic richness (PAr) (Fig. 2c): The highest values were observed in the eastern area of the distribution and decreased to the west. The populations from eastern Turkey (TR03 and TR04) and Georgia (GE02) had the highest number of private allelic richness, while lower values were observed in 
Genetic structure of populations
The UPGMA (Fig. 3) analysis, based on Nei genetic distance, indicates the presence of three main clusters. Clusters 1 and 2 (represented with the blue and green color) are more genetically similar than cluster 3 (represented with the red color). Cluster 1 includes the populations from eastern Turkey and from Azerbaijan, Georgia, and Russia and only one population from Romania. Cluster 2 includes populations from western Turkey, Greece, and Bulgaria. All the western European populations are included in Cluster 3. The Bayesian analysis is in accordance with the UPGMA results. The STRUCTURE analysis indicated how many genetic groups were contained in the data set. The highest ΔK was observed at K = 2 and a second ΔK peak was detected at K = 3 (Online Resources 1). The estimated population structure inferred from this analysis is shown in Fig. 4a , b. At K = 2, the populations from eastern Mediterranean, eastern Europe, and Turkey were clearly separated from the western European populations (Fig. 4a) . Considering K = 3, the Italian, Spanish, Slovakian, and Hungarian and only two populations from Romania were included in the same cluster (red). The populations from eastern Europe appeared separated in two main groups; the cluster indicated with the green color included one population from Romania (RO03) and the populations from Bulgaria, Greece, and western Turkey, whereas the populations from Russia, Azerbaijan, Georgia, and eastern Turkey were grouped in the second blue cluster (Fig. 4a) . In order to check the possibility of substructure, the populations belonging to the red cluster (western and central Europe populations) were analyzed separately. The most likely substructure was detected at K′ = 3, where three main gene pools were detected. The populations from Spain belong to two different gene pools: The southern, central, and north-eastern populations belong to subcluster 1 (red), while the north-western Spanish populations belong to subcluster 3 (blue) together with the Slovakian and Hungarian populations. The Italian, English, and French populations belong to the subcluster 2 (green) with a degree of admixture with the blue subcluster; note also the presence of individuals belonging to the red subcluster in the IT01 population, geographically located in south Italy. In Fig. 4b , c, synthetic maps show the spatial representation of the estimated population membership values (Q) in the K = 3 clusters and in the substructure K′ = 3 subclusters inferred by STRUCTURE. These maps were produced by combining the three single clustering surface maps (not represented) for each cluster obtained by interpolating the population's Q values using the GIS software. In the synthetic maps (Fig. 4b, c) , Fig. 3 UPGMA based on Nei genetic distance. PT Portugal, SP Spain, Fr France, UK England, IT Italy, SK Slovakia, Hu Hungary, BU Bulgaria, RU Rumania, Gr Greece, TR Turkey, GE Georgia, AZ Azerbaijan, RU Russia for each population, three raster cell values indicate the estimated population Q-membership percentage in cluster 1, cluster 2, and cluster 3, plus a combination of the three colored components (green = cluster 1, red = cluster 2, blue = cluster 3). In this figure, the more intensely colored area indicates the strongest genetic similarity between populations belonging to the same cluster and the gradual change indicates a gradual decrease in the genetic similarity; different hues correspond to different combinations of three components ).
In Fig. 4b , the genetic barriers, calculated with BARRIER software, are indicated with the black line. Using Monmonier's maximum difference algorithm, two main statistically significant genetic barriers (bootstrap support ≥75%) are identified. The main genetic barrier divides the eastern European populations from the central and western populations. Interestingly, a second barrier separates the Bulgarian, Greek, and western Turkish populations from the central and eastern Turkish and Caucasian populations. The hierarchical AMOVA was carried out based on the grouping for K = 3. The inferred molecular variance among the three clusters was 12.18% (P < 0.001), while the molecular variance among populations within groups was 11.56% (P < 0.001) and the highest variance was observed within populations (76.26% P < 0.001) (Online Resources 2). Figure 5 reports the results obtained using the Reserve selection procedure of DIVA-GIS software. This analysis defines the minimum number of geographic units needed to conserve all genetic diversity. The areas indicated with the red dots are those with priority for genetic conservation. According to the size of the red points, the geographic units that should be prioritized for conservation were identified, in sequence of importance: The larger the red point, the higher is the priority for genetic conservation. Areas with higher priority are indicated in Georgia, eastern Turkey, and Italy. Some areas of western Turkey, Bulgaria, Greece, Slovakia, and Romania are also considered but with lower priority for conservation.
Conservation priority
Discussion
Owing to extensive forest fragmentation, world-wide in situ and ex situ conservation plans must consider all levels of biodiversity including the genetic component (Souto et al. 2015) . Intraspecific genetic variation is considered a key factor for the ability of a species to survive under changing environmental conditions, and it is a fundamental criterion for developing effective conservation strategies (Eckert et al. 2008) . It is essential, therefore, to evaluate the geographical patterns of genetic diversity and identify the populations and areas that show high values of genetic diversity and divergence so as to identify which populations merit the most attention in terms of conservation priority. However, until now, practitioners have seldom taken into account the relevance of genetics research (Bowman et al. 2016 ) and few studies on landscape genetics have been applied in practical management (Keller et al. 2015) . From our point of view, landscape genetics can be considered an easy and self-explaining tool to transfer information about spatial distribution of genetic variation into practice. In the present work, the application of the innovative spatial analysis to a more representative dataset of chestnut European distribution validates the results previously published (Mattioni et al. 2013 ) and provides more exhaustive and critical information on the genetic diversity and biogeographical history of sweet chestnut, highlighting priority conservation areas. We georeferenced genetic diversity values of 73 European sweet chestnut populations, which are considered broadly representative of the European distribution range (based on present knowledge), and we provided clear selfexplanatory maps, easily usable even by the nonscientific community. In this respect, the intrapopulation's genetic diversity and population structure analysis, together with the outputs from the spatial overlay of the three maps of expected heterozygosity (He), allelic richness (Ar), private allelic richness (PAr), and the spatial localization of the different gene pools, can be considered valuable information to be used in programs for conservation of genetic resources of chestnut in Europe. Different approaches are often used for making conservation choices including measures of diversity, but rare are the cases in which morphological and demographic parameters are integrated with genetic data (Vinceti et al. 2013 ). In Fig. 5 Areas with priority for conservation. The size of red points indicates the priority: the larger the point, the highest is the priority situ conservation should consider populations in which inbreeding and loss of alleles are minimal. In this context, allelic richness and He are very informative measures of genetic diversity considered ideal to determine priorities for conservation (Hollingsworth et al. 2005; van Zonneveld et al. 2012) . The DIVA-GIS software can be considered as an informative tool to highlight priority sites based on species richness (Cadima et al. 2014; Phillips et al. 2014) or genetic diversity data as reported in Prunus africana and Annona cherimola (Vinceti et al. 2013; van Zonneveld et al. 2012) .
In our study, we applied the Reserve Selection analysis (DIVA-GIS software) to indicate areas as reservoirs of genetic diversity for sweet chestnut. Some populations located in areas from central and eastern Europe, which have different environmental conditions, are indicated with priority for conservation. These high-priority areas are characterized by high allelic richness and they are selected, by the DIVA-GIS procedure, to capture the maximum amount of diversity in the data set. Interestingly, the populations with high priority for conservation are representative of the three main observed gene pools. Of course, this is a large-scale indication that gives information disregarding genetic and conservation resources of particular interest at a local scale, such as the varietal diversity found in ancient sweet chestnut orchards or the historical and natural interest of ancient sweet chestnut trees and coppices. Comparing the spatial representation of He, Ar, and Par, there is now the possibility to speculate on the biogeographic history of European sweet chestnut. Comps et al. (2001) report in beech a reduced level of allelic richness and an increase of He in newly colonized areas. These findings indicate a quite different dynamic for these two genetic diversity measures: Allelic richness may be more useful than He to identify historical processes such as bottlenecks and populations admixture (Widmer and Lexer 2001) . In this context, we decided to represent spatially both the He and Ar to give a clearer view of the biogeographical history of sweet chestnut.
Interesting information was obtained considering the marginal areas of distribution. Higher values of He and Ar were observed in the central area of the species' distribution, while values of PAr were higher in the eastern and in some isolated western populations. This can be explained by considering that fragmentation could increase toward the limits of the species' distribution and that fragmented populations are often characterized by a decrease of genetic diversity (Eckert et al. 2008) . We can also argue that the high intrapopulation diversity (He) and allelic richness (Ar) observed in the central area of distribution could be a consequence of mixing colonization routes from different refugia, as observed in other species , or could be a result of human introduction of material. On the contrary, the high value of PAr and the positive Fis values and low He observed in the eastern European populations could be an indication of longterm geoclimatic separation of this area from the west. These results are congruent with those obtained in the previous work of Mattioni et al. (2013) , in which a higher level of PAr and positive Fis values were reported in the presumed refugia in eastern Turkey and central Italy, possibly suggesting that no human-mediated gene flow has erased ancient signs of refugia.
The structure analysis confirms the results previously obtained with the restricted number of populations but highlights new interesting findings that enable us to speculate on the biogeographical history of chestnut. The populations structure inferred for K = 3 shows the presence of three distinct gene pools. The percentage of variation among groups calculated with the AMOVA was 12%; this value is comparable with those obtained in other forest tree species using microsatellite markers (Bagnoli et al. 2009 (Bagnoli et al. , 2016 Mayol et al. 2015; Pollegioni et al. 2014) .
A significant genetic barrier divides the western and central European populations (including populations in Slovakia, Hungary, and northern Romania) from eastern European populations. Considering the structural and geomorphological complexity of the Mediterranean regions, it is likely that geographical barriers have interfered with the gene flow between chestnut populations. The southern Carpathians, the Dinaric Alps, and the Adriatic Sea could act as obstacles to the gene flow between eastern and western European populations.
Analyzing the structure of western and central European populations (Portuguese, Spanish, Italian, English, French, Slovakian, Hungarian, and northern Romanian populations) has revealed three distinct gene pools: The first includes the northeastern, central, and southern Spanish populations, a second group includes the north-western Spanish populations, and the third the Italian, French, and English populations. These results are congruent with the existence of glacial refugia in those areas (Martin et al. 2012; Gomez-Sanz et al. 2002; Krebs et al. 2004) . Interestingly, the north-western Spanish populations are genetically similar to the Slovakian, Hungarian, and northern Romanian populations. A similar structure of populations has been observed for other tree species ) and can be explained by considering that the Pyrenees may not have formed a barrier to colonization (Hewitt 2000) : Northern Spain, western France, Britain, and Ireland were linked during the early postglacial, owing to lower sea level across Biscay and the English Channel (Provan and Bennet 2008; Beatty and Provan 2012) . Moreover, the pattern of present divergence and distribution, combined with evidence from fossil pollen of several tree species, could suggest that populations originating from Italy or the Balkans spread into the Iberian Peninsula from the north Grivet and Petit 2003) . In addition to the hypothesis of natural colonization, the present genetic structure of western European populations of sweet chestnut can also be a result of human-mediated transport of plant material, because this species had great economic and social importance in many civilizations. The use of sweet chestnut (for food and wood) is known to have become widespread throughout the Roman Empire, while during the Medieval period, chestnut cultivation and utilization became much commoner Squatriti 2013) . For these reasons, we cannot exclude the possibility that the genetic similarity among the populations from Portugal, Italy, France, and England is a consequence of human transplantation of chestnut material (nuts or living saplings/ branches). This hypothesis could be true also for the population from Sicily (IT01) that is genetically similar to the eastern Spanish populations. In conclusion, this work integrating the existing and new genetic data with spatial analysis techniques provides valuable large-scale information on genetic diversity and biogeographical history of C. sativa in Europe. The easily understandable outputs are usable in the inventory, conservation, and management of chestnut genetic resources.
